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Prediction of relationship between strength scatter and defect distribution in
ceramics using a machine learning model
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ABSTRACT

Ceramics are widely used as heat-resistant structural materials, such as thermal barrier coatings for gas turbines. However,
they exhibit probabilistic fracture behavior due to the size distribution of defects such as pores and grain boundaries present
within them. Experimental evaluation of this strength scatter in ceramic components is both time-intensive and costly. Our
previous work successfully predicted strength scatter based on fracture mechanics from microstructural information, but this
approach incurs enormous computational costs for large-scale applications. In this study, we develop a deep learning—based
surrogate model that predicts the Weibull distribution parameters of ceramic bending strength directly from equivalent crack
length distributions, enabling substantial reductions in computational cost without sacrificing predictive accuracy.
Furthermore, we develop an inverse analysis framework that couples the surrogate model with particle swarm optimization

to estimate defect distributions from reference strength data. The proposed method achieves high accuracy and efficiency.
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Table 1 Dimension of the test specimen and span length of

the bending test.
Config. b [mm] h [mm] Lo [mm]  Li [mm]
3pbl6 16
3pb30 30 0
3pb40 4 3 40
4pb3010 30 10
4pb4020 40 20
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Table 2 Configuration of the neural network architecture and

training settings.

Parameters Values

Number of hidden layers 5
Arrangement of nodes across hidden
256-128-64-32-8
layers (Input layer to output layer)
Batch size 128
Maximum epoch 500

Optimizer Adam
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Fig.2 Training and validation loss curves.
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Fig. 4 Flowchart of the inverse model integrating the

surrogate model with PSO.
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Table 3 Parameters for PSO.

Parameters Values
Particle population 200
Maximum iteration 50
Inertia weight w 0.5
Cognitive coefficient ci 0.5
Social coefficient c2 0.5
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